As genome-wide association studies expand beyond populations of European ancestry, the role of admixture will become increasingly important in the continued discovery and finemapping of variation influencing complex traits. Although admixture is commonly viewed as a confounding influence in association studies, approaches such as admixture mapping have demonstrated its ability to highlight disease susceptibility regions of the genome. In this study, we illustrate a powerful two-stage testing strategy designed to uncover trait-associated single nucleotide polymorphisms in the presence of ancestral allele frequency differentiation. In the first stage, we conduct an association scan by using predicted genotypic values based on regional admixture estimates. We then select a subset of promising markers for inclusion in a second-stage analysis, where association is tested between the observed genotype and the phenotype conditional on the predicted genotype. We prove that, under the null hypothesis, the test statistics used in each stage are orthogonal and asymptotically independent. Using simulated data designed to mimic African-American populations in the case of a quantitative trait, we show that our two-stage procedure maintains appropriate control of the family wise error rate and has higher power under realistic effect sizes than the one-stage testing procedure in which all markers are tested for association simultaneously with control of admixture. We apply the proposed procedure to a study of height in 201 African-Americans genotyped at 108 ancestry informative markers. The two-stage procedure identified two statistically significant markers rs1985080 (PTHB1/BBS9) and rs952718 (ABCA12). PTHB1/BBS9 is downregulated by parathyroid hormone in osteoblastic cells and is thought to be involved in parathyroid hormone action in bones and may play a role in height. ABCA12 is a member of the superfamily of ATP-binding cassette transporters and its potential involvement in height is unclear.
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Keywords: two-stage, structured association testing, admixture mapping, regional admixture estimate, genome-wide association studies Similarly, Hughes et al. (2008) validated the role of the HLA-DRB1 shared epitope within African-Americans with rheumatoid arthritis, suggesting an inheritance through admixture with European populations.
Earlier investigators have recognized the value of considering admixture to highlight disease susceptibility regions in the genome, spawning the approach of admixture mapping or mapping by admixture LD (Patterson et al., 2004; Freedman et al., 2006) . The basic premise of these approaches is that individuals from admixed populations would have a greater probability of inheriting risk alleles from the ancestral population that carries more of such alleles. The initial appeal of admixture mapping was the potential savings in genotyping costs because the genome could be covered with a few thousand markers with reasonable resolution. However, with the rapid cost decrease for platforms assaying potentially millions of single nucleotide polymorphisms (SNPs), the initial appeal of
IntroductIon
One of the major focuses of current genomics research is the expansion of association studies beyond populations of European and Asian descent, including African populations and admixed populations such as African-Americans and Hispanics. Although these investigations carry several potential pitfalls such as greater haplotype diversity and lower levels of linkage disequilibrium (LD), one of the most well-known issues is the potential confounding influence of population stratification and admixture (Marchini et al., 2004; Smith et al., 2004; Teo et al., 2010) . However, the existence of these phenomena also presents an opportunity, as several recent studies have demonstrated that genetic ancestry need not be viewed as a nuisance quantity. For example, within the context of autoimmune diseases, Richman et al. (2010) illustrated a role for European population substructure across the northwest to southeast cline with endophenotypes of systemic lupus erythematosus.
A standard flexible approach for association testing while controlling for admixture is regression within the generalized linear model (GLM) framework, which directly allows for quantitative, binary, ordinal, and time to event (survival) phenotypic distributions through the choice of an appropriate link function (g) (McCullagh and Nelder, 1989; Freedman et al., 2006; Redden et al., 2006; Zhu and Cooper, 2007) . This involves a regression model for the jth SNP that assumes that the expected phenotypic value takes the form, where A i, j = 2ω i,2 (j) + ω i,1 (j), ω i,1 (j) (ω i,2 (j)) are the probabilities that individual i has one (two) allele(s) at the jth marker from ancestral population A, and g −1 (·) denotes the inverse link function (Redden et al., 2006; Tiwari et al., 2008) . For ease of exposition, we will assume the situation of a quantitative trait, taking g(·) to be the identity link function and introducing residual error terms ε i,j each independently distributed N 0 1 2 , . σ ( ) To estimate the admixture proportions A i,j , we utilize the Hidden Markov Model approach implemented in Ancestrymap (Patterson et al., 2004) , although a number of alternative estimation approaches exist and could be readily substituted (Sankararaman et al., 2008; Price et al., 2009) . In order to control for multiple-testing, we employ a Bonferroni correction, testing the significance of γ 1 for each SNP at a significance level of α/J. This controls the FWER at the desired upper bound of α. Though we focus on control of the FWER here, one could analogously look at control of other error rates, such as the false discovery rate (Benjamini and Hochberg, 1995, 2000; Storey, 2002) .
proposed two-stage testIng procedure Our proposed two-stage method is predicated on the realization that an association analysis incorporating the ancestry estimate can be divided into two aspects. First, we fit a model using the conditional expectation of genotype, where the expectation is now taken relative to regional admixture estimates for the particular SNP. The second-stage then tests the association of a subset of promising markers based on the first stage screen, where association is now tested conditioned on the conditional genotypic expectation. We prove the orthogonality of the two test statistics used in each stage under the null hypothesis in Appendix, and use simulation to illustrate that the two statistics may be correlated under the alternative hypothesis in the case of admixed populations.
Stage 1: We regress the observed genotypic value (G i,j ) at each marker on the estimated average number (A i,j ) of population A-ancestry alleles
where e i,j represents residual error terms. This equation is then used to obtain a predicted genotypic value
. We then consider a regression of the quantitative trait on the predicted genotypes as
admixture mapping has dwindled. Here we offer a new insight that there is benefit to considering the admixture mapping paradigm within genome-wide association (GWA) studies of admixed populations using high-density genotyping arrays. A major challenge in GWA studies is to balance the control of type I and type II errors. If no adjustment for multiple-testing is used, with hundreds of thousands to millions of tests, the number (and proportion) of false-positives among the results declared significant is likely to be enormous. In contrast, if the Bonferroni correction [or any other method that controls the family wise type I error rate (FWER)] is used, power may be reduced excessively and too many type II errors (false-negatives) may be made (Kang et al., 2009) . If there were a way to reduce the number of null hypotheses tested without discarding too many markers that are truly in LD with causative loci, then power could be improved dramatically. With this in mind, several authors have considered various two-stage testing paradigms (Evans et al., 2006; Laird and Lange, 2006; Skol et al., 2006; Wang et al., 2006; Ionita-Laza et al., 2007) . Within the context of family based association studies, these approaches entail partitioning the available data into two orthogonal components. The between-family component is used to provide an initial relative ranking of the markers, then using the within-family component to provide a second-stage test of association. Ideally, such two-stage testing paradigms (a) should not require family data, (b) should be robust to confounding by non-random mating (including admixture), (c) should offer strong control of the FWER, and (d) should not arbitrarily split the available data and suffer the attendant loss in power (Allison and Coffey, 2002) .
Our intent here is to illustrate that other sources of information, such as admixture, can be used to provide an orthogonal data partition and hence a two-stage testing opportunity satisfying the features listed above. In our method, we divide the association analysis for an admixed population into two parts, one of which tests the association between the phenotype and a predicted genotype based on regional admixture estimates. We then select a subset of promising markers for the second-stage analysis where we test the association between the observed genotype and the phenotype conditional on the predicted genotypes. Because the test statistics used in each stage of the procedure are orthogonal and asymptotically independent under the null hypothesis (see the proof in Appendix), this two-stage procedure maintains appropriate control of the FWER whether or not confounding by admixture exists. As a proof of concept for our new approach, we compare our proposed procedure through simulation to a one-stage procedure in the case of association mapping in an admixed population. We conclude with an illustration of the proposed method within a study of height in African-Americans using ancestry informative markers.
Methods
We consider the situation of j = 1, 2, …, J ancestry informative SNP markers and i = 1, 2, …, N individuals. We denote G i,j as the observed genotypic value for the ith individual at the jth SNP. For simplicity, we assume that the admixed population sample arises from two ancestral populations (generically labeled as populations A and B). Let A i,j denote a regional admixture estimate, that is, the estimated expected number of alleles inherited from ancestral population A at the jth SNP for the ith individual. Finally, let Y i denote the observed phenotype for the ith individual. Kang et al. Two-stage procedure for admixture mapping
To evaluate the FWER under the complete null hypothesis under situation 1, we first simulated 200 cases and 200 controls at 1805 ancestry SNPs under the complete null hypothesis using Ancestrymap. Then, we randomly selected one marker and simulated the phenotype by using Eq. 4 with s = 0, 0.1, and 0.3 at the selected marker and t = 0, where the non-zero value of s was chosen to ensure that the phenotype variability explained by admixture was less than 3% (the average value of this value from our simulated data can be found in Table A1 in the Appendix). The FWER was estimated as the proportion of replicates that identified any one of 1805 ancestry SNPs as significant.
To evaluate the FWER under the non-complete null hypothesis (situation 2), we first simulated 200 (400) cases and 200 (400) controls with one preset disease-associated ancestry SNP by using the software Ancestrymap. Then, we simulated the phenotype by using Eq. 4 with s = 0, 0.1, and 0.3 and t = 0.2, 0.4, and 0.6, respectively, where the non-zero value of s was chosen to ensure that the phenotype variability explained by admixture was less than 3% (the average value of this value from our simulated data can be found in Table A2 in the Appendix). The FWER was estimated by the proportion of replicates where any one of the remaining ancestry SNPs was identified as being significant after the ancestry SNPs located at the same chromosome with the disease-associated ancestry SNP were removed from consideration.
power evaluatIon
To estimate the power of the two-stage procedure, we first simulated 200 (400) cases and 200 (400) controls with 1805 ancestry SNPs and randomly chose 1 of the 1805 ancestry SNPs located at chromosome 1 as a specific disease-associated ancestry SNP at which a population A-ancestry allele confers 2.4 multiplicative increased risk, where the multiplicative increased risk was chosen to ensure a high power under the scaled sample sizes. Then, we simulated the phenotype by using Eq. 4 with s = 0, 0.1, and 0.3 and t = 0.2, 0.4, and 0.6, respectively, where G in Eq. 4 is the genotype for the specific disease-associated ancestry SNP we chose above. For the estimation of power, we estimated the power level as the proportion of replicates where the specific diseaseassociated ancestry SNP at chromosome 1 was successfully identified.
sIMulatIon results
correlatIon evaluatIons between two test statIstIcs under the alternatIve hypothesIs Table 1 and Figures A1 and A2 in the Appendix show that these two test statistics were not correlated under the null and were correlated under the alternative hypothesis based on 200 datasets each with 800 individuals whether confounding by admixture existed or not. The level of correlations seems to increase as the effects of both genotype and the ancestry estimate on the trait increase. The correlations of two test statistics in the two-stage procedure under the alternative hypothesis further support the conclusion that our two-stage procedure has higher power than the one-stage procedure (see below).
Fwer evaluatIon
Because the test statistics in each stage of our two-stage procedure are asymptotically independent under the null hypothesis, the FWER of our two-stage procedure should theoretically be where τ i,j are independently distributed N 0 3 2 , . σ ( ) We test the significance of α 1 at each marker on the basis of Eq. 2 and select the top q markers for testing in the second-stage. We denote the selected subset of markers here as Φ. Approaches to selecting q will be discussed below.
Stage 2: In the second-stage, we consider a linear regression for the quantitative trait by using the observed genotype as,
where ϑ i,j are independently distributed N ( , ). 0 4 2 σ We test the significance of β 2 at each of the "q" selected markers from stage 1 on the basis of Eq. 3 at a significance level of α/q, where α is the overall significance level. The use of only q in the denominator of the Bonferroni correction is justified by the orthogonality and asymptotic independence under the null hypothesis proved in Appendix (Van Steen et al., 2005; Zheng et al., 2007) .
sIMulatIon desIgn
To evaluate the frequency characteristics of our proposed procedure, we simulated an admixed population sample by using Ancestrymap. We utilized parameter settings designed to mimic an AfricanAmerican population (Patterson et al., 2004) . The average proportion of alleles inherited from the European ancestral population was set at 1/6, with the number of chromosomal exchanges per Morgan between ancestral segments of the genome since the mixing event set as 10. For the simulations under the alternative hypothesis, we randomly set one marker as a disease marker by setting the "risksim" parameter in Ancestrymap (rel8500) (ψ 1 ) to a value other than 1, where ψ 1 is the increased risk for disease due to carrying one population A-ancestry allele at the disease marker (Patterson et al., 2004) .
We simulated a quantitative trait by using the equation (Redden et al., 2006) Y sA tG
where ε i is assumed to have a standard normal distribution. s denotes the overall effect of admixture on the trait, while t denotes the mean genotypic effect on the trait. We use simulation to illustrate the correlations of the test statistics in our two-stage procedure under the null and alternative hypotheses. We simulated 200 data sets each with 400 cases and 400 controls genotyped at the 1805 ancestry informative SNPs with one disease-predisposing allele. We then randomly selected one marker and simulated a continuous trait using Eq. 4 above with s set to be 0, 0.1, and 0.3 and t set equal to 0, 0.2, and 0.4 at the selected marker.
Fwer evaluatIon
We estimated the FWER as the proportion of replicates in which at least one non-disease-associated SNP was found to be significantly associated with the disease, under two situations: (1) under the null hypothesis that there is no SNP associated with the trait with and without confounding association by admixture and (2) under the non-complete null hypothesis, in which some ancestry SNPs are associated with the trait and the associations are confounded by admixture between these ancestry SNPs and the trait. It is possible to get false-positive results at ancestry SNPs that are not associated with the trait.
controlled (Kang et al., 2009) . We therefore next evaluated whether our two-stage procedure could effectively control the FWER by the preset limited sample size. Figures 1 and 2A ,B plot the estimated FWERs versus the ratio of the number of ancestry SNPs selected in the first stage (q) to the number of total SNPs (h) under the complete null hypothesis for a quantitative trait with and without association confounding by admixture based on 200 replicates. Figures 2A,B are for s = 0.1 and 0.3, respectively (confounding by admixture). These figures illustrate that both the one-stage procedure and our two-stage procedure provide adequate control of the FWER.
For the non-complete null hypothesis, refer to the columns labeled FWER in Tables 2 and 3 . As shown in these two tables, all the estimated FWERs were close to the nominal values of 0.1 and 0.05. Therefore, our two-stage procedure conserved good control of the FWER. On the other hand, we also found that our two-stage procedure still had a conservative FWER when q/h was close to 0 under the alternative hypothesis. versus 0.447), respectively]; and (4) the selection of q affected the power of our two-stage procedure. As it approaches 1, the power of the two-stage procedure was higher than and close to that of the one-stage procedure. But the selection of q is correlated with the effect sizes of true association and confounding association by admixture. The optimal number of q is approximately 3% (≈50/1805) for all s and t.
In addition, we also noticed that as the effect size of the true association between the trait and the marker increased, the effect of association confounded by admixture on the power first increased and then decreased; but as the sample size increased, the effect of association confounded by admixture on the power decreased. For example, for α = 0.05, the difference in the maximum value of the power for s = 0 and 0.3 increased first from 2.6% (=0.036 − 0.01) to 22.3.5% (=0.67 − 0.447) and then decreased to 2.5% (=0.995 − 0.97) when n = 400. However, when n = 800, the above three values were from 15.3% (=0.27 − 0.121) to 6.5% (=0.975 − 0.91) to 0% (=1 − 1).
power coMparIsons
We compared the power of our two-stage procedure with that of the one-stage procedure described above for a quantitative trait. Tables 2 and 3 and Tables A4 and A5 in the Appendix present the empirical power of the two-stage procedure for simulated 200 replicates at significance levels of 0.05 and 0.1, respectively. From these two tables we found that (1) the two-stage procedure generally had higher power than the one-stage procedure; (2) the maximum power of the two-stage procedure was significantly higher than that of the one-stage procedure when there was no or a small or moderate association confounded by admixture and there was a small or moderate true association between disease and marker; (3) as the effect size of association confounded by admixture increased, the power of the two-stage procedure decreased [for example, when t = 0.4, s = 0, 0.1 and 0.3, α = 0.05, and n = 400, the difference between the maximum value of the power of the two-stage procedure and that of the one-stage procedure was about 32% (0.67 versus 0.35), 23.5% (0.68 versus 0.445), and 8.5% (0.362 250/1805 = 0.139, 125/1805 = 0.069, 50/1805 = 0.028, 25/1805 = 0.014, 5/1805 = 0.003, 2/1805 = 0.001. j The maximum power of both the OS and TS is marked in bold.
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Two-stage procedure for admixture mapping Stefflova et al., 2009 ). Height was based on self-report of the subject's tallest height ever reached in inches. Genetic map positions for all markers were evaluated by using a program developed by McKeigue (2006) . For the purpose of comparison, we first conducted a linear regression evaluating the association between height and each SNP. We employed two methods to account for the confounding influence of admixture; Genomic Control (Devlin and Roeder, 1999) and principal components analysis (Price et al., 2006) . The genomic control inflation factor was calculated by dividing the median of the test statistics for all SNPs by 0.456. We also conducted one-stage analysis as described before. No SNP was found to be statistically significant at an overall nominal level of 0.05 (0.05/108 for each SNP) by the above three methods. Finally, we conducted our two-stage analysis. On the basis of our simulation results above, we selected the top three SNPs (≈108 × 0.03) in stage 1 and tested these three SNPs in stage 2 at an overall nominal level of 0.05 (0.05/3 for each SNP; see Methods). Table 4 shows the association results at a preset nominal level of 0.05 using our proposed two-stage testing procedure. We Furthermore, it was interesting that under the non-complete null hypothesis our two-stage procedure could have higher power with lower FWER if we chose fewer markers from stage 1 for stage 2 analysis compared with the one-stage procedure, especially when there was moderate or large true association between the trait and the marker. This happens because under the non-complete null hypothesis, if we choose fewer promising markers in stage 1 for stage 2 analysis, there is a smaller chance of the false-positives occurring with nearly no effect on true-positives.
applIcatIon to heIght In aFrIcan-aMerIcans
To evaluate the performance of our new two-stage procedure, we applied it to a real data set investigating the association of 108 ancestry informative markers with height in a sample of 201 African-Americans. Detailed information on the 108 ancestry markers can be found in However, the proposed models can be straightforwardly adjusted to conduct a 2° of freedom genotypic test, which is robust to the underlying mode of inheritance. In addition, we only carried a subset of promising markers into a second-stage association analysis. Within the context of two-stage family based testing procedures, Ionita-Laza et al. (2007) have suggested that it may be more powerful to test all markers at the second-stage, weighting according to the first stage results. Thus, a point for future research will be to investigate how to optimally conduct two-stage testing procedures based on admixture information. In addition, our approach is not intended to be used nor is it likely to be useful in all situations. When the correlation between admixture and the observed genotypes is zero, as will happen in regions of the genome that display little to no allele frequency differentiation across populations (or could occur in completely panmictic populations over many generations with no selection, no segregation distortion, and so on), the two-stage approach we propose will have no value. In situations in which the correlation between the adjusted genotypes and the observed genotypes is 1.0, there would also be no value in our two-stage approach because there will be perfect collinearity. Somewhere between zero and one must lie an optimum, and finding that optimum for different circumstances can be a topic for future research.
web resources
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found that the two-stage procedure identified two statistically significant ancestry markers (rs952718 and rs1985080) associated with height after controlling for association confounded by admixture.
dIscussIon
In this study, we have introduced a new two-stage procedure for association mapping in admixed populations. Our simulations indicate that the two-stage procedure had significantly higher power compared with a one-stage procedure and adequately controlled the FWER whether or not the admixture confounded the true association between genotype and trait. Because the performance of our two-stage method depends on the selection of the number of the top markers, we recommend that the top 3% markers be selected in stage 1 for stage 2 analysis in practice. In our real data example, using the one-stage procedure and the other two methods, we found no significant associations; however the two-stage procedure found two ancestry informative SNPs, rs1985080 (PTHB1/BBS9) and rs952718 (ABCA12), to be significantly associated with height in African-Americans. PTHB1/BBS9 (parathyroid hormone-responsive B1) is downregulated by parathyroid hormone in osteoblastic cells and is thought to be involved in parathyroid hormone action in bones and may play a role in height (Adams et al., 1999) . ABCA12 [ATP-binding cassette (ABC), sub-family A (ABC1), member 12] is a member of the superfamily of ABC transporters (Annilo et al., 2002) . ABCA12 is a major causative gene for non-bullous congenital ichthyosiform erythroderma (Sakai et al., 2009 ), but its role in determining height merits further study.
Certain limitations of our proposed method deserve consideration. From empirical data across a range of traits and species, it has been suggested that most genetic variance is additive, which accounts for over half, and often close to 100%, of the total genetic variance (Hill et al., 2008) . Thus, in our analysis we focused on the situation of additive genetic effects. If the underlying disease model follows a different mode of inheritance, then the proposed procedure will lose power. Next, consider a multiple regression equation with Y as the response variable and E (X | Z) and (X − E (X | Z)) as the explanatory variables:
Then, β 2 measures the within-subpopulation correlation between Y and X, and therefore can be estimated by FBAT-type score statistics (Laird et al., 2000; Laird and Lange, 2006 )
where μ is the pre-specified user-defined offset parameter (Laird and Lange, 2006) . Let us denote the test statistic obtained by dividing U by its estimated standard error (under the null hypothesis) by T 2 . Note that the estimated standard error is a function of X conditional on the Y and Z (Lange et al., 2002) . Thus, the standard errors are estimated on the basis of X conditional on Y and Z. Therefore, the test statistic T 2 is a random variable whose distribution is a function of X conditional on Y and Z. Our objective is to show that the statistics T 1 and T 2 are independent. First, let us show that, if the null hypothesis that Y is independent of X conditional on Z is true, the test statistics are uncorrelated. (Independence of two random variables implies uncorrelatedness but the converse is not true.)
E T T t t f t f t dt dt
where the first integral is over t 1 and the second integral is over t 2 . Also, f 1 and f 2 are density functions of the random variables T 1 and T 2 , respectively. However, one can calculate the above integral in terms of the original density functions of X, Y, and Z. We know that T 1 is function of Y given Z. Let us denote
Define a set For ease of exposition and to facilitate generalization, we present this proof in the most general terms possible. Let X, Y, and Z be random variables with finite means and variances. Consider the regression with Y as the response variable and E (X | Z) as the explanatory variable. Note that E (X | Z) is a random variable that is a function of Z. Also, in this equation, all other measured covariates can be included.
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Let â b be an estimator of the regression coefficient in the above equation. Let T 1 be a statistic for testing the significance of this regression coefficient. Note that T 1 is obtained by dividing â b by its estimated standard error. Importantly, note that this estimate of standard error is also a function of Y and Z (because it is obtained from the residuals of the above regression equation, which is function of only Y and Z). Therefore, the distribution of T 1 is a function of Y given Z. The second integral in the brackets is essentially E (T 2 ). It is noteworthy that the E(X | Z) in the numerator of T 2 is the expected value of X given Z under the null hypothesis. Also note that under null hypothesis, E (T 2 ) = 0 (the null hypothesis is that X is independent of Y conditional on Z). The overall numerator is asymptotically normal with a mean of zero and the overall denominator converges to 1. One can then use Slutsky's theorem (Rao, 1973) to show the asymptotic normality of T 2 under the null hypothesis with a mean of zero and variance of 1. Therefore, Then,
E T T t t f y z g x y z dxdy
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∫∫
Here the first integral is over set A and the second integral is over set B. Also f is the conditional density of Y given Z and g is the conditional density of X given Y and Z. We separate the above equation as 250/1805 = 0.139, 125/1805 = 0.069, 50/1805 = 0.028, 25/1805 = 0.014, 5/1805 = 0.003, 2/1805 = 0.001. j The maximum power of both the OS and TS is marked in bold.
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Thus, we have proven that these two statistics are uncorrelated. We can then prove the asymptotic independence of T 1 and T 2 by noting that the uncorrelatedness (orthogonality) implies independence IF T 1 and T 2 are normally distributed. T 1 and T 2 are standard linear regression estimators and can be shown to be asymptotically normally distributed by using standard asymptotic arguments. Thus, the joint 250/1805 = 0.139, 125/1805 = 0.069, 50/1805 = 0.028, 25/1805 = 0.014, 5/1805 = 0.003, 2/1805 = 0.001. j The maximum power of both the OS and TS is marked in bold.
distribution of T 1 and T 2 is asymptotically normally distributed. Given this and the fact that we have shown that these two statistics are uncorrelated proves the asymptotic independence of T 1 and T 2 .
Having demonstrated the asymptotic independence of T 1 and T 2 , we can easily make the specification that Y is a phenotype, X is a genotype, and Z is a variable (e.g., an individual ancestry value or a region-specific admixture value) such that conditional on Z, there can be no confounding of the association between X and Y by admixture. And E(X | Z) is the predicted genotype value denoted by ˆ.
, G i j If we do so, we now have two tests that can be used in our two-stage procedure that has all of the desirable characteristics [(a) to (d)] that we listed in the introduction.
